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Vibrotactile Quality Assessment: Hybrid Metric
Design Based on SNR and SSIM
Xun Liu, Student Member, IEEE, Mischa Dohler, Fellow, IEEE, and Yansha Deng, Member, IEEE
Abstract—The emerging mulsemedia (MULtiple SEnsorial
MEDIA) introduces new sensorial data (haptic, olfaction, gus-
tation, etc.), significantly augmenting the conventional audio-
visual communication. This can be used in many areas, such
as immersive entertainment and innovative education. Previous
research has been dedicated to evaluating the impact of other
sensorial data on conventional multimedia; however, standalone
quality evaluation of new sensorial data, especially vibrotactile
data (a type of haptic data), has not been covered. To the
best of our knowledge, this paper is the first to empirically
demonstrate that the common statistical metrics in audio and
visual domains, i.e. signal-to-noise ratio (SNR) and Structural
SIMilarity (SSIM), are highly correlated with human vibrotactile
perception as well. To be specific, we propose a testing protocol
for vibrotactile quality evaluation and conduct subjective exper-
iments. The results suggest that SNR and SSIM are applicable
to vibrotactile quality assessment. We also consider a practical
scenario where the quality of vibrotactile data varies with time.
Based on the validation of SNR and SSIM in the first part, we
present an objective metric as a hybrid composition of SNR and
SSIM. Instead of assessing the quality of data using an overall
score, the hybrid metric evaluates the quality in a time-varying
manner. Subjective experiments are conducted and the results
demonstrate that the correlation coefficient can be significantly
increased using the hybrid metric.
Index Terms—Mulsemedia, haptics, vibrotactile, quality of
experience, subjective tests, objective metrics.
I. INTRODUCTION
IN recent years, mulsemedia has attracted enormous at-tention since it was firstly proposed in [1]. Apart from
conventional audio-visual content, the mulsemedia commits
to transmit other sensorial data (haptic, olfaction, gustation,
etc.), so that users can get truly immersive experience [2].
The introduction of the multiple sensorial data raises the issue
of assessing the impact and quality of these data. The authors
of [3] presented a subjective quality assessment method (based
on ‘Absolute Category Rating with Hidden Reference’) to
investigate how sensory effects (e.g. vibration, wind, light)
influenced human perceived quality of video. The authors
of [2] proposed a mulsemedia framework to deliver both con-
ventional multimedia and other sensorial data, and conducted
subjective experiments to assess the perceived quality and
enjoyment levels. Similar tests were conducted and human
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perceived quality of 3D video accompanied by multisensorial
components were evaluated in [4]. The research investigated
the impact of multisensorial data (haptic, olfaction, gustation,
etc.) on conventional multimedia in terms of human percep-
tion. They are based on the fact that quality evaluation methods
of traditional multimedia are well established; therefore, it
is essential to develop standalone quality assessment for the
multisensorial data as well. The authors of [5] proposed a
model for assessing quality of experience (QoE) of olfaction
in the context of mulsemedia, while the impact of scent type on
QoE of olfaction was evaluated in [6]. Currently, there are few
quality assessment methods dedicated to haptic data. During
the processing, compression, transmission, reconstruction and
synchronisation, haptic data experience various degradation at
each stage; therefore, it is essential to quantitatively evaluate
the quality of haptic data with respect to human perception.
Haptic information can be categorised into kinesthetic and
tactile modalities. The former refers to perception of body
movements and the latter stands for perception of mechan-
ical or thermal stimuli sensed by the receptors in the skin.
Kinesthetic signals normally have large amplitude and low
frequency, while vibrotactile signals (a type of tactile signals
used for texture discrimination) have small amplitude and high
frequency. As for latency requirements, kinesthetic signals are
strict [7], whereas vibrotactile signals are more tolerant [8]. In
addition, the neural cells that are responsible for kinesthetic
and vibrotactile perception are different, hence the perceptual
properties and limits are distinct as well. Consequently, the
evaluation of kinesthetic signals and vibrotactile signals should
differ. Previous studies (e.g., [9]–[13]) have primarily concen-
trated on kinesthetic signals, while vibrotactile signals draw
limited attention. This article focuses on the quality assessment
of vibrotactile signals. To evaluate the quality of vibrotactile
data, one can either conduct subjective tests or apply objective
metrics.
Subjective evaluation, as the most reliable approach of
quality assessment [14], normally requires a certain group
of subjects to assess the quality under certain conditions.
The accuracy of subjective evaluation heavily depends on
the subjects’ performance; therefore, every step of subjective
evaluation requires cautious design to ensure that the results
reflect the subjects’ actual perception as close as possible. To
date, only a little research has been dedicated to subjective
evaluation of vibrotactile data. For instance, the authors of [15]
conducted experiments to assess the quality of mulsemedia;
however, they only investigated the impact of time delay
caused by synchronisation while the intrinsic quality of vibro-
tactile data was not considered. The authors of [16] and [17]
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proposed a vibrotactile codec, respectively. For assessing the
performance of the proposed codecs, they conducted subjective
experiments using different methods; however, these methods
are particularly designed for their codecs. In other words, these
methods cannot be widely used for all vibrotactile applications.
In practice, objective metrics are more convenient, less
time-consuming and less expensive than subjective evaluation.
According to the availability of a reference signal, the objec-
tive metric is classified into full-reference, no-reference and
reduced-reference. Although the latter two are more applicable
in practical scenarios where reference signals are not always
available, they normally confine to certain constraints [18]. As
the design of vibrotactile objective metric is in the initial stage,
this article focuses on full-reference objective metric that is
fundamental. Currently, there is very limited literature with
respect to vibrotactile objective metrics. The authors of [16]
proposed an objective index that could estimate the quality
of distorted signals with an accuracy of about 80% in [19].
This index, however, was particularly designed for the codec
in [16], preventing it to be used in other applications. The
authors of [10] designed an objective metric for haptic signals
based on Weber’s law; however, they considered only force,
position and velocity feedback, leaving vibrotactile feedback
out. In summary, there are no objective metrics dedicated to
vibrotactile signals to date.
Instead of starting from scratch, it is possible to borrow
insights from the well-developed objective metrics for other
media. The authors of [17] presented that vibrotacile signals
were similar to speech signals. They proposed that coarse
textures could be treated as voiced sounds and fine textures
could be treated as unvoiced sounds. The authors of [20]
further demonstrated that vibrotactile and audio signals were
similar from the perspective of mechanism and representa-
tions. Moreover, the authors of [21] empirically demonstrated
that vibrotactile signals had similar masking phenomenon as
audio signals and successfully adapted an audio codec to the
vibrotactile domain; hence, there is potential to adapt audio
quality assessment methods to vibrotactile quality evaluation
as well. Motivated by the similarity between vibrotactile and
audio signals, we design a hybrid objective metric based on
SNR and SSIM, and conduct subjective experiments to assess
the performance of it. The contributions of this article can be
summarised in the following points:
• Through studying the standardised protocols in the audio
domain, we adapt the most appropriate one, i.e. Rec. ITU-
R BS.1534-3, to a subjective protocol that is exclusive for
the vibrotactile quality evaluation.
• Based on this protocol, we design a subjective test to
evaluate the correlation of SNR and SSIM with human
vibrotactile perception. The results demonstrate that SNR
and SSIM are highly correlated with human perceived
quality.
• To conduct the subjective test, we design a platform that
allows the participants to individually and conveniently
assess the quality of vibrotactile data. The software is
extensible and easily modifiable; therefore, it has poten-
tial to be used for other vibrotactile quality evaluation
tests in the future.
• Considering a realistic scenario with distortion varying
with time, we design a hybrid metric by combining SNR
and SSIM in the spirit of Perceptual Evaluation of Audio
Quality (PEAQ). Subjective tests are conducted and our
results show that the proposed hybrid metric significantly
outperforms SNR or SSIM.
The remainder of the paper is organised as follows. In
Section II, we explicitly compare subjective methodologies
and objective metrics in the audio domain and choose the ones
that are possibly adapted to vibrotactile quality assessment.
Besides, the design of the hybrid metric is presented in
this section. In Section III, we demonstrate the collection,
processing and display of vibrotactile data as well as the
testing interface and procedure, while a subjective protocol
for vibrotactile quality assessment is proposed in Section IV
and experiments are conducted to investigate the correlation
of SNR and SSIM with human vibrotactile perception. In
Section V, we present the experiments for the time-varying
scenarios, while the performance of the objective metrics are
discussed in Section VI. Finally, we conclude the paper in
Section VII.
II. VIBROTACTILE QUALITY ASSESSMENT
Over the past decades, quality evaluation for audio and
video content has been well developed based on full un-
derstanding of auditory and visual psychophysics. Although
many properties of touch await explorations, the mechanism
of vibrotactile perception is clear. Consequently, we can learn
from audio and image quality evaluation and adapt methods
that are most appropriate for vibrotactile quality evaluation.
A. Vibrotactile Perception
Humans can feel objects and the environment because the
neural cells in the skin − known as receptors in neuroscience
− get excited by physical stimuli. The excitation is then
converted into electrical signals followed by being transmitted
to the brain for analysing and generating perception. This
process is similar to that of other human sensory systems,
such as hearing and vision, except that the type and number
of receptors are different. Specifically, there are four types
of receptors in the glabrous skin that are responsible for the
sense of touch. They are called mechanoreceptors because they
are sensitive to mechanical movements and deformation [22].
For instance, the Pacinian corpuscle responds to vibrations (up
to 1000 Hz) and the most sensitive frequency is from 250 to
550 Hz [23]. The detailed characteristics and functions of these
mechanoreceptors are listed in Table I. We can see that the
mechanoreceptors get excited by different types of stimuli and
have various ranges of sensitive frequency. Humans rely on a
combination of a part or all of them to accomplish tasks that
are as simple as holding an object properly or as complicated
as writing in the darkness.
Interestingly, apart from directly touching objects, humans
can actually perceive objects through intermediate tools be-
cause humans can feel the vibrations transmitted over the
tools [24], [25]. For example, people use a key to open the
door and chefs use a knife to properly handle ingredients. It
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TABLE I
FUNCTION, ROLES AND SENSITIVE FREQUENCY OF FOUR TYPES OF
MECHANORECEPTORS (ADAPTED FROM [22]).
Merkel
cell
Ruffini
ending
Meissner
corpuscle
Pacinian
corpuscle
Most
sensitive
Pressure,
edges,
corner,
points
Stretch Lateralmotion Vibrations
Role ReadingBraille
Holding
large
objects
Sensing
slippage
of objects
Sensing
texture
Frequency
range (Hz) 0− 100 / 1− 300 5− 1000
is, however, not easy to accurately and appropriately capture
the vibrations. Conventional haptic systems always lack the
realistic feeling of remote targets because the texture and other
properties of the objects are only virtually rendered, without
being measured in the real world. For enhancing the realism in
virtual environments, the authors of [26] built a reality-based
model of vibrations by recording the acceleration of a stylus
tapping on real surface. The authors of [27] used a similar
approach and demonstrated that high frequency signal can
dramatically improve the contact realism of haptic systems.
Furthermore, the users were allowed to record the acceleration
signal by using a handheld tool to slide on the surface
of objects [28]. In this study, experiments were conducted
and results showed that high frequency vibrational signal is
one of the main cues for humans to discriminate different
materials. Therefore, it is the acceleration signal that needs
to be evaluated for vibrotactile quality assessment.
B. Subjective Testing Protocol
Retrospecting the development of audio and visual quality
evaluation, neither subjective nor objective methods can fully
reflect true human perception; however, subjective evaluation
can help us to get estimates as close as possible of actual
perception. Although conducting subjective tests is time- and
money-consuming, it is the most reliable way of assessing
quality if it is carefully designed. On the contrary, objective
metrics are just mathematical indicators and hence are con-
venient to be used in a variety of applications. Researchers
endeavour to design objective metrics thoroughly so that
objective metrics match human actual perception; however,
this cannot be accomplished directly. The mapping can only be
validated through subjective tests. The relation among human
actual perception, subjective evaluation and objective metrics
is illustrated in Figure 1.
Fig. 1. Relation of actual human perception, subjective evaluation and
objective metrics.
To the best of our knowledge, there is no standardised
subjective testing protocol for assessing vibrotactile quality to
date, but several methods exist for evaluation of audio quality.
Three state-of-art subjective methods are standardised and
recommended by the International Telecommunication Union
(ITU) as follows: i) ITU-T P.800; ii) Rec. ITU-R BS.1116-3;
iii) Rec. ITU-R BS.1534-3. The details of these protocols can
be found in [29], [14] and [30], respectively. As mentioned
before, vibrotactile and audio signals are similar in several
aspects, which inspires us to modify one of the methods shown
above.
ITU-T P.800 is for assessing telephone transmission quality
with the well-known mean opinion score (MOS), which scales
from 1 to 5 corresponding to ”bad” to ”excellent” as for
quality. This approach is designed for evaluating quality of
speech signals by simulating the typical scenario of a phone
call; therefore, subjects are not able to directly compare the
distorted signal with the pristine signal during the conver-
sations. In other words, the reference signal is not always
available for comparison. Instead, subjects can only compare
the test signal with the undistorted signal in their memory.
The reason behind this design is that humans are good at
remembering the natural sound of human voice. Nonetheless,
this is not the case for the vibrotactile quality assessment since
the majority of the participants in our pilot tests report that it
is very hard to remember vibrotactile signals.
Rec. ITU-R BS.1116-3 is standardised for the evaluation
of small impairments in audio systems. Specifically, small
impairments refer to distortions that can only be perceived
by experts with statistical analysis under rigorous conditions.
The target of ITU-R BS.1116-3 is extremely high quality
audio systems. In contrast, the design of vibrotactile quality
assessment is in the initial stage. The primary goal should
be assessing a large range of vibrotactile impairments rather
than focusing on the hard-to-detect areas. It is not only a
waste of time and efforts but also possible to yield unreliable
reports if ITU-R BS.1116-3 is utilised for assessing obvious
impairments. In addition, another practical reason of not using
this approach is that it strictly requires “subjects who have
expertise in detecting small impairments”, but it is almost
impossible to find enough expert vibrotactile assessors for
now.
On the contrary, the intention of Rec. ITU-R BS.1534-3 is
to assess intermediate quality in audio systems. This approach
employs a strategy called “MUlti Stimulus test with Hidden
Reference and Anchor (MUSHRA)”. From the name, it is
apparent that there are hidden reference signals and anchors
apart from the test signals. The anchors are impaired signals
that are carefully designed for certain situations. For instance,
the standard anchors in the protocol are generated by applying
low-pass filters to the pristine signal with a cut-off frequency
of 3.5 kHz and 7 kHz, respectively. To avoid speculation from
subjects, test signals along with a hidden reference signal and
anchors are randomly deployed. The subjects are allowed to
listen to any of the signals as many times as they want in a
single trial before scoring each signal. The scores are given on
the basis of the continuous quality scale (CQS), which ranges
from zero to one hundred and is equally divided into 5 intervals
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referring to ”Bad”, ”Poor”, ”Fair”, ”Good” and ”Excellent” in
terms of quality.
TABLE II
FEATURES OF THE STANDARDISED SUBJECTIVE TESTING PROTOCOLS FOR
AUDIO SIGNALS
Protocol Target Parallelcomparison
Grading
system
Selection of
subjects
ITU-T
P.800
Telephone
transmission
Not
available
Mean
opinion
score
(1-5)
Normal
telephone
users
ITU-R
BS.1116-3
Small
impairments
Not
available
Continuous
five-grade
impairment
scale (1-5)
Expert
ITU-R
BS.1534-3
Intermediate
impairments Available
Continuous
quality
scale
(0-100)
Experienced
The features of the standardised audio protocols are sum-
marised in Table II. Three pilot tests were conducted with three
methods used in the presented protocols. The Comparison
Category Rating (CCR) method in ITU-T P.800 and the
double-blind triple-stimulus with hidden reference method in
ITU-R BS.1116-3 were not chosen because they required
expert assessors, which were beyond the scope of vibrotactile
quality assessment at this stage. Three methods used in the
pilot tests are:
• The Absolute Category Rating (ACR) method: The sub-
jects perceived the reference signal and then a group
of distorted signals in a random order. Each signal was
perceived only once and the subjects were asked to give
scores right after perceiving each stimulus. The subjects
reported that it was hard to give scores when the tests
came to the third or fourth stimulus. They mentioned
that the memory of reference signals faded quickly and
previous test signals further disturbed the memory of
reference signals.
• The Degradation Category Rating (DCR) method: The
subjects were presented with two signals in pairs, with
the first one always being the reference signal and the
second one being an impaired signal randomly chosen
from the group of distorted signals. A short interval
was inserted between two signals so that the subjects
could distinguish two stimuli. Each pair was perceived
as many times as the subjects preferred. The subjects
gave scores to the second signal after perceiving each
pair of signals. The subjects suggested that it would be
more accurate to grade distorted signals that stimulated
close perception if parallel comparison between distorted
signals was allowed.
• The multi stimulus test with hidden reference method:
This one was a preliminary version of the method used
in this paper. There were seven test signals in one trial
and each test signal lasted for two seconds. No subjects
reported that it was hard to give scores to the stimuli;
however, some subjects reported numbness of the fingers
at the later stage of the test. Hence, we carefully reduced
the duration of the signals and the number of test signals
for the formal tests.
It turns out that Rec. ITU-R BS.1534-3 suits our current
needs for assessing vibrotactile quality because it has the
following advantages:
• The pristine signal is always accessible so that subjects
can compare test signals with the reference signal as long
as they want in a single trial, which is significant since
the pilot tests suggest that humans are weak in recalling
vibrotactile information.
• Parallel comparison is allowed in this protocol. To be
specific, subjects are able to compare two distored signals
directly, thus discriminating and scoring them easily and
precisely.
• Rec. ITU-R BS.1534-3 considers impairments that are
detectable to experienced users instead of expert assessors
which are not available at present. Besides, assessing
intermediate impairments accords with the current goal
of vibrotactile quality assessment and facilitates the val-
idation of vibrotactile objective metrics.
• Compared with the widely used five-score MOS, the CQS
that has an extent from zero to one hundred is capable
of reflecting the inevitable variances between subjects.
Consequently, the results obtained in this way are more
convincing.
However, it is not possible to directly employ Rec. ITU-
R BS.1534-3 as it is designed for audio quality evaluation.
In order to implement this method in the vibrotactile domain,
we made several alterations with respect to human vibrotactile
perception, the details of which will be shown in Section IV.
C. Objective Metrics
The designs of full-reference objective metrics in audio and
visual domains are classified into three categories. The first
one is to consider the impact of noise in a pure statistic way.
To be specific, the power or other properties of the noise
are mathematically calculated and compared with that of the
pristine signal. The most commonly used ones are SNR in
the audio domain and peak signal-to-noise ratio (PSNR) in
the visual domain. Besides, [31] presented another statistical
method to evaluate the quality by measuring the SSIM between
pristine and distorted images. The second approach is based on
the psychophysical model of human perception. Researchers
either incorporate perceptual models with statistical measures,
e.g., Visual Signal-to-Noise Ratio (VSNR) [32] in the visual
domain, or extract multiple perceptual features to build an
index, e.g., Information Fidelity Criterion (IFC) [33] in the
visual domain and Enhanced Modified Bark Spectral Distor-
tion (EMBSD) [34] in the audio domain. The last approach
is hybrid metrics that coordinate all the useful information
of pristine and distorted signals as well as complete psy-
chophysical models to build an overall grade. The state-of-art
hybrid metrics in the audio domain are Perceptual Evaluation
of Speech Quality (PESQ) and Perceptual Evaluation of Audio
Quality (PEAQ), standardised in ITU-T P.862 [35] and Rec.
ITU-R BS.1387-1 [36], respectively.
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The approaches described above also illustrate the devel-
opment history of the objective metrics in the audio and
visual domains. The researchers firstly design the statistical
approaches that can be used for certain applications. As more
psychophysical properties were discovered, more complicated
codecs have been designed according to human perceptual
models. The pure statistical metrics are no longer able to
accurately assess the performance of such codecs; hence, the
latter two types of metrics are proposed for complicated tasks.
All of these are based on full understanding of human auditory
and visual systems; however, the psychophysics of touch are
not completely understood. Furthermore, the complexity of
the objective metrics dramatically rises as the number of
perceptual models included increases. On the contrary, the
statistical approaches have advantages in simplicity and ex-
pandability as some of the psychophysical approaches actually
rely on the statistical metrics. Consequently, it would be
reliable and practical to follow the path of the development of
objective metrics in audio and visual domains. It is not only
necessary but also critical to validate the statistical metrics in
the vibrotactile domain. In this article, the widely-used SNR
and SSIM are chosen.
1) SNR: SNR is defined as the power ratio of pristine signal
to noise. As the dynamic range of the signal is wide, the SNR
is normally expressed using the logarithmic decibel scale. The
SNR in decibel is calculated as follows:
SNR = 10 log10
(
Psignal
Pnoise
)
, (1)
where Psignal and Pnoise are the power of the pristine signal
and noise, respectively.
Similarly, the PSNR is the power ratio of the maximum
possible value to noise. While SNR is widely used in the audio
domain, PSNR is commonly used in the visual domain as a
pixel is normally represented using a fixed number of bits,
e.g., 8 bits for grayscale images and 24 bits for true colour
images. Apparently, this is not the case for vibrotactile signals
that are similar to audio signals, hence we decided to validate
the SNR rather than PSNR for vibrotactile quality assessment.
From Eq. 1, we can see that the larger the SNR is, the smaller
the power of noise is for one pristine signal; however, this
does not necessarily mean that human perceived stimulus is
weaker. Even if the SNR is demonstrated to be in accordance
with the human sensation of touch, we need to figure out the
strength of the correlation. Only in that case, we are able to
see if SNR is applicable to vibrotactile quality assessment.
2) SSIM: On the other hand, SSIM takes into account the
structural relation between pristine and distorted signals rather
than the power of noise. Utilising the mean, standard deviation
and covariance of both signals, SSIM computes three factors
as:
L =
2µxµy + C1
µ2x + µ
2
y + C1
(2)
C =
2σxσy + C2
σ2x + σ
2
y + C2
(3)
S =
σxy + C3
σxσy + C3
(4)
where x and y are pristine and distorted signals, respectively.
µ, σ and σxy are the mean, standard deviation and covariance,
respectively. C1, C2 and C3 are small constants to prevent
the equation from instability when the denominator is zero.
L, C and S are defined as luminance comparison, contrast
comparison and structural comparison, respectively. Similarly,
we denote these factors as roughness comparison, stiffness
comparison and structural comparison in the vibrotactile do-
main. These factors are then combined to build a single index
that measures the similarity between pristine and distorted
signals [31]. It is defined as:
SSIM = L · C · S. (5)
As each factor is from −1 to 1, the integrated SSIM is
within the interval [−1, 1]. SSIM holds the property of identity,
which means the absolute value of SSIM equals to 1 if and
only if x and y are identical. In other words, no noise is
introduced. In practice, it is more precise to calculate the SSIM
locally using a sliding window, then compute the average
of the SSIMs to get an overall value, named mean SSIM
(MSSIM), which is expressed as:
MSSIM =
1
N
N∑
i=1
SSIMi, (6)
where N is the number of windows and SSIMi is the SSIM of
the i-th window. The SSIM is originally designed for image
quality evaluation [37]. It is, however, a pure mathematical
metric without taking any psychophysics of the human visual
system into account, implying the potential to apply it to other
human senses. Recent studies justified this hypothesis. The
authors of [38] proposed two variants (Temporal-MSSIM and
Time-Frequency-MSSIM) of SSIM and demonstrated that the
variants had high correlation with human auditory system.
Temporal-MSSIM and Time-Frequency-MSSIM, despite of
being variants of SSIM, remained the characteristic of being
pure mathematical. Besides, SSIM captures structural infor-
mation (dependencies among neighboured samples), which
is demonstrated to be important in the visual domain. The
structural information is also vital in the vibrotactile context,
since the change of structure that results in small change
of SNR may lead to large differences in terms of human
vibrotactile perception. Hence, we exploit the potential of
applying SSIM for vibrotactile quality assessment in this
paper. In order to check the feasibility of SSIM as well as
SNR, we propose the first test and present it in Section IV.
Despite the fact that we need to demonstrate that SNR
and SSIM are suitable to vibrotactile quality assessment, we
can take a step further and figure out which one is better
with respect to the human vibrotactile perception. In terms
of complexity, SNR is lower than SSIM, but SNR does not
hold the property of identity since it converges to infinity
when the power of noise is extremely small. Besides, SNR
is established on mean square error (MSE) that is widely
used for solving optimisation problems. MSE acquires only
the power of error signals (referring to noise signals in
signal processing) which can be preserved during a Fourier
Transform according to Parseval’s Theorem. However, due
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to the same reason, MSE cannot precisely reveal the impact
of noise on pristine signals in terms of human perception.
A simple example is that values of MSE obtained are the
same when a positive and a negative noise signal with the
same amplitude, respectively, is added to the same pristine
signal; however, these distorted signals possibly lead to very
different human perception. In contrast, SSIM is based on
the fact that samples of signals are highly correlated with
neighbour samples, which is demonstrated to be important
for human perception [37]. From the perspective of statistics,
SSIM contains more information than SNR as well. The
authors of [39] showed that SSIM outperforms PSNR for
image quality evaluation through quantitative comparison. The
results of Test 1 also demonstrate that this situation holds for
vibrotactile quality assessment.
3) Hybrid metric design: In practice, an objective metric
ought to cope with more realistic situations because one
may need to evaluate long sequences of vibrotactile data.
Conventional SNR and SSIM intend to measure the quality
of a sequence as a whole. However, it is inaccurate to
give an overall score since the type and intensity of noise
encountered possibly vary with time due to the instability
of communication channel. Consequently, it would be more
precise to piecewise evaluate the vibrotactile quality for a
long time vibrotactile signal. Conventional SNR focuses on
power measurement while SSIM is interested in structural
information. Inspired by PEAQ, we designed a time-varying
objective metric by taking advantages of both SNR and SSIM.
Currently, PEAQ is one of the most popular hybrid objective
metrics in the audio domain, which combines several features,
named model output variables (MOVs), extracted from the
human auditory system to generate a single grade. In the light
of PEAQ, SNR and SSIM are considered as MOVs in this
article. The compounding process is illustrated in Fig. 2.
Fig. 2. Stages of creating the hybrid metric: SNR and SSIM are extracted from
pristine and distorted signals and are modified as MOVs for compounding the
hybrid metric.
As conventional SNR and SSIM produce only an overall
grade for the whole sequence of data, the long vibrotactile
signal is evenly divided into intervals and the SNR and SSIM
of each interval are calculated to get a time-varying version.
To be specific, a variant of SNR, named Segmental Signal-to-
Noise Ratio (SSNR) [40] is used. SSNR segmentally calculates
the SNR and then computes the average over all segments. In
our case, the segment is chosen to be equal to the interval and
the averaging step is left out. As to SSIM, we use MSSIM to
compute the value for each interval and remove the averaging
step. Consequently, a value of SSNR and MSSIM are obtained,
respectively, for each interval of the long vibrotactile signal.
According to Webber’s law [41], human sensation is not linear,
hence we apply a 3rd order polynomial curve fitting as follows:
β0 + β1xi + β2x
2
i + β3x
3
i = yi (i = 1, 2, 3, 4), (7)
where xi is the value of SSNR or MSSIM in the ith interval
and yi is the subjective score in the ith interval. By solv-
ing this linear equation, we can get the optimal coefficients
(β∗0 , β
∗
1 , β
∗
2 , β
∗
3). We then obtain the modified SSNR and
MSSIM as:
zi = β
∗
0 + β
∗
1xi + β
∗
2x
2
i + β
∗
3x
3
i (i = 1, 2, 3, 4). (8)
Then, we build a matrix A ∈ RM×N of time-varying
metrics, where M is the Number of intervals and N is the
number of MOVs. The element, Ai,j , in the matrix stands
for the jth MOV for the ith interval. By setting the subjective
scores of each interval as a column vector B ∈ RM×1, a linear
equation is built as follows:
AW = B, (9)
where W ∈ RN×1 is a vector that stands for the weights of
each MOV. For this equation, we combine all of the subjective
scores together to get a global WGlobal ∈ RN×1 that is optimal
for the whole testing dataset. Once the optimal WGlobal is
obtained using least-squares approximation, the hybrid metric
is calculated as:
H = AWGlobal. (10)
III. EXPERIMENTAL SETUP
In order to implement the subjective tests, three problems
must be addressed: i) how to properly collect, process and
display vibrotactile data; ii) the software for conducting the
experiments; iii) the testing protocol. We address the first
two problems one by one in this section and the last one in
Sections IV and V. The setup used is similar to the reference
setup of the IEEE.1918.1.1 Standardisation Group [42]. The
setup and flow diagram of the tests are illustrated in Fig. 3
and Fig. 4, respectively.
Fig. 3. Setup of the tests including vibrotactile data collection on the left,
data processing and GUI Interface in the center and vibrotactile display on
the right.
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A. Vibrotactile Data Collection
In order to accurately capture the acceleration signals, we
choose a digital accelerometer, referred to as ADXL345, from
Sparkfun. It is a 3-axis accelerometer with a high resolution
and a large range of measurements. In full resolution mode, the
resolution can be as high as 3.9 mg/LSB and the measuring
limit is up to ±16g. As the sensitive frequency of Pacinian
corpuscle is up to 1000 Hz shown in Table I, the required
Nyquist rate of vibrotactile signals is 2000 Hz according to
the Nyquist-Shannon Sampling Theorem. The output data rate
of the ADXL345 can be up to 3200 Hz which meets the
requirement. To transmit the output data of the ADXL345
to a computer, we use an Arduino Uno that supplies 5V. As
the ADXL345 supports only 2.0-3.6V, we add a logic level
converter from Sparkfun for protection. As for the protocol
of serial communications, the ADXL345 utilises either Serial
Peripheral Interface (SPI) or Inter-Integrated Bus. The 4-wire
SPI mode is chosen as it does not require any external com-
ponents, thus having high capability of resisting disturbance.
Fig. 4. Flow diagram of the tests: the vibrotactile data is collected using an
accelerometer, followed by processing, then are displayed to users through a
linear voice coil actuator.
As mentioned in Section II, humans heavily rely on per-
ceiving texture of objects through tools; therefore, we record
the acceleration signals in this way. Firstly, we firmly attach
the ADXL345 to a pen. For collecting the vibrotactile data,
we scan the surface of objects by freely moving the pen
back and forth between two points. The purpose of this is
to imitate human natural movements of exploring objects.
A typical waveform of the acceleration signal is shown in
Fig. 5. The duration of collected acceleration signals is one
second and four seconds for the tests in Sections IV and V,
respectively. As for selection of materials, it would be ideal
to use as many materials as possible; however, that would
dramatically increase the duration of the whole test. As the
duration rises, the numbness felt by the subjects intensifies,
which is likely to cause inaccurate results. For this practical
concern, we carefully choose four types of materials that cover
”soft and coarse”, ”soft and fine”, ”hard and coarse” and ”hard
and fine”, to reflect the variations of different materials (the
texture data can be found in supplementary materials). The
details and pictures of the chosen materials are illustrated in
Fig. 6.
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Fig. 5. Pristine and distorted vibrotactile signals of Coarse Board with adding
GWN and LUQN, respectively, where GWN = Gaussian white noise and
LUQN = linear uniform quantisation noise.
B. Data Processing
After collecting the vibrotactile data of four types of materi-
als, a Bessel bandpass filter is used, as the Pacinian corpusles
are most sensitive to vibrations with frequency ranging from
250 to 550 Hz [23]. Besides, the acceleration signals obtained
are three dimensional while the vibrotactile display can only
present one-axis vibrations; hence we apply a dimension
reduction algorithm proposed by [43]. With this algorithm, the
vibrotactile data can preserve temporal and spectral properties
when it is transformed from three dimensions to one. In
other words, no perceivable degradation is introduced after
the transformation. After these processing, we combine the
one-dimensional filtered vibrotactile data for all the materials
together to build a pristine vibrotactile dataset.
However, for evaluating performance of SNR, SSIM and
the hybrid metric, it is insufficient to only have the pristine
vibrotactile dataset as the subjects need to give scores by
perceiving both pristine signals and distorted signals. Hence,
we build a distorted vibrotactile dataset for each test by adding
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Fig. 6. Material selection and respective properties: four materials that cover
”soft and coarse”, ”soft and fine”, ”hard and coarse” and ”hard and fine” are
chosen to show variances of the material.
different types of noise with various intensities (i.e. various
SNR and SSIM) to the pristine vibrotactile data. Since the
testing protocols of the tests in Sections IV and V are different,
the type of noise added are different. The generation of the
distorted vibrotactile dataset used in each test will be described
in Sections IV and V, respectively.
C. Vibrotactile Display
For delivering vibrational signals, linear actuators rather
than the widely used rotary actuators or motors are considered.
Currently, there are many types of linear actuators, such as
mechanical actuators, hydraulic actuators, pneumatic actuators
and linear motors; however, none of them are capable of
providing high frequency vibrations. By contrast, linear voice
coil actuators (LVCA) driven by the electromagnetic force
can not only produce high frequency vibrations, but are also
highly controllable. According to Lorentz force law, the force
of LVCA is calculated as follows:
F = k ·B · L · I ·N (11)
where k is the force constant, B is the magnetic flux density,
L is the length of coil, N is the number of coils and I is
the current passing through the coil. For a given LVCA, the
previous four parameters are fixed, which means the force is
proportional to the current. The acceleration is a = F/m,
where m is the mass of the moving part. In another word, we
can control the acceleration by regulating the current passing
through the coil.
Model NCM02-10-008-2JBA from H2W technologies [44]
is chosen for these tests. The peak force of it is 11.2 N and
the moving mass is 0.024 kg; the maximum acceleration is
thus approximately 467 m/s2. This limit is enough for our
purpose since the maximum acceleration of coarse material
is only about 3.5 m/s2. In order to drive the actuator, we
employ an amplifier MK190 from Velleman [45]. Besides, as
the small shaft of LVCA is hard to hold, the subjects possibly
miss some vibrations, which potentially leads to unreliable
results. We create a button-like holder using smart adhesives
from Bostik [46]. This type of adhesives is similar to plasticine
and can be firmly attached to the shaft. On the hand, it is
harder than plasticine, thus providing solid touch. In the tests,
the subjects are asked to hold the button with three fingers for
firm and full contact.
Fig. 7. GUI Interface of MUSHRT: Users can choose the number of the test,
type of material and noise using the knob on the right-top corner and the
list in the centre, respectively. The signal button is for playing vibrotactile
data and the slider nearby is for scoring. F o and F m are for playing long
sequence pristine and distorted signals in Test 2, respectively.
D. GUI Interface
Currently, there are some software for MUSHRA in the
audio domain, but it is not suitable for vibrotactile qual-
ity assessment; therefore, we design a GUI Interface (see
Fig. 7) using Matlab according to the protocols presented in
Sections IV and V. As the vibrotactile data are stored and
processed in Matlab as well, there is no issue of compatibility.
During the tests, the subjects can easily switch tests using
the knob in the top right corner (Test 1 and Test 2 refer
to the test in Sections IV and V, respectively). They can
also choose a combination of one type of material and one
type of noise using the item list in the centre. The score
for each distorted signal is marked using the slider that is
able to show variances of different subjects. With this GUI
Interface, a subject, even with no experience of subjective tests
can independently accomplish the tests, so that the impact
of disturbance is reduced to a minimum. Furthermore, it is
convenient to modify the software if one wants to alter the
number and types of material or noise.
E. Testing Procedure
The testing setup is shown in Fig. 3. There are smart
adhesives at the bottom of the LVCA, so that the subjects
can firmly stick it wherever they feel comfortable prior to
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the tests. As we need the subjects to give scores depending
only on touch, the subjects are asked to wear a headphone to
exclude the noise generated by the LVCA. At the beginning
of the tests, the subjects are given a training session, in
which the software and full range of the distorted signals are
introduced. Thereby, they can get familiar with the software
and have rough impressions of different levels of degradation.
Then, they are allowed to freely explore any signals of the
distorted dataset. They do not start the tests until they feel
confident to give absolute scores of vibrotactile quality. For test
1 (Section IV), one type of material and one type of noise are
chosen in one trial. The subjects then use six buttons (‘Ref’,
‘Sig 1’, ‘Sig 2’, ‘Sig 3’, ‘Sig 4’ and ‘Sig 5’) in the GUI
interface (Fig. 7) to perceive different stimuli. Each button
contains a vibrotactile signal that lasts one second (according
to the subjective protocol presented in Section IV), with ‘Ref’
containing the reference signal and others containing the test
signals (including a hidden reference signal). The test signals
with different distortion are randomly mapped to the buttons
of ‘Sig 1’ to ‘Sig 5’, so that a button with larger number
does not necessarily contain a signal with larger distortion.
This is to avoid speculation from the subjects. The reason
for choosing five test signals is that, subjects of pilot tests
(seven test signals) report strong numbness at later stage of
the test. As the numbness may cause inaccurate results, we
carefully reduce the number of test signals and find out that
the resolution of five test signals is enough for assessing
correlation. Next, they freely explore these buttons as many
times as they want and use the slider behind the button to grade
accordingly. After storing the scores, they move to the next
type of material or next type of noise until they complete all
combinations. For test 2 (Section V), one type of material and
one type of noise pattern are chosen in one trial. The subjects
use two buttons (‘F o’ and ‘F m’) to perceive long vibrotactile
signals (four seconds according to the time-varying protocol
presented in Section V), with the former button refers to
reference signals and the latter refers to distorted signals. Then,
the subjects give scores to each interval (one second according
to the time-varying protocol presented in Section V). After
finishing a trial, the subjects carry on until all combinations
are conducted.
IV. TESTING DESIGNS FOR SNR AND SSIM
The objective of this test is to investigate the correlation
between statistical metrics, i.e. SNR and SSIM, and human
vibrotactile perception. The result of a subjective test is only
valid if the test follows a proper protocol. According to the
comparison in Section II, we adapted Rec. ITU-R BS.1534-3
to the vibrotactile domain in this section. With this protocol,
we generated a distorted vibrotactile dataset and conducted
subjective experiments to investigate the relation between
statistical metrics and human vibrotactile perception.
A. Testing Protocol
As mentioned in Section II, Rec. ITU-R BS.1534-3 can not
be directly applied to the vibrotactile domain. To design a
protocol that is dedicated to vibrotactile quality assessment, we
made three alterations according to vibrotactile psychophysics:
• The duration of the test signals is changed. The rec-
ommended duration of the audio signal is quite long,
i.e., ten seconds. The test materials used in the audio
quality evaluation are normally music, vocal, speech,
orchestra or artificial sound [47], which are friendly to
humans. Thereby the experience of long-time listening is
acceptable. By contrast, the vibrotactile signals presented
to the subjects’ fingers are essentially vibrations that not
only lead to uncomfortable numbness but also generate
unpleasant auditory noise. Such prolonged tests would
increase the subjects’ anxiety and hence largely reduce
the accuracy of quality evaluation. As a result, the du-
ration needs to be accordingly cut down. Through pilot
tests, we found out that one second was sufficient for
discriminating the intermediate impairments as well as
keeping the feeling of numbness at an acceptable level,
and that was why we collected one second of acceleration
signals for each material in Section III.
• The protocol requires experienced assessors who ”have
experience in listening to sound in a critical way”, but
there are very few people who have experience in detect-
ing impairments introduced to the vibrotactile signals and
critically assessing the quality of the distorted vibrotactile
signals using the vibrotactile display. The selection of
assessors is critical for subjective tests as the results
are convincing only if the subjects’ grades are reliable.
In order to get valid results, we make the following
improvements: i) The training session is extended. After
introducing the full range of impairments to the subject,
the subjects are allowed to freely explore any of the stim-
uli until they feel confident of scoring. ii) The protocol
requires less than twenty assessors, but we increased the
sample size to thirty. iii) Significant testing is conducted
to make sure the results are within the required resolution.
• We do not use any anchors in vibrotactile subjective
tests. As mentioned, the anchors are carefully designed
for representing certain quality. The main objective of
using anchors is to compare the results of tests under
different conditions. The anchors are only applicable if
they are properly designed, otherwise they only introduce
bias to the results. Actually, recent study shows that
even the recommended anchors obtain different quality
scores in different experiments, thus having the potential
to introduce bias in MUSHRA Listening Tests [48]. In
consequence, it is not appropriate to implement anchors
for vibrotactile quality assessment at this stage.
Except for the alterations described above, other parts of
Rec. ITU-R BS.1534-3 are adopted and details can be found
in [30]. For convenience, we denote this protocol as “MUlti
Stimulus test with Hidden Reference for vibroTactile quality
evaluation (MUSHRT)”.
B. Distorted Vibrotactile Dataset for SNR and SSIM
The generation of distorted signals is shown in Fig. 8. We
chose four types of common noise encountered in networks
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and codecs, i.e. i) linear uniform quantisation noise (LUQN);
ii) Gaussian white noise (GWN); iii) impulsive noise (IN); and
iv) pink noise (PKN). LUQN is the common noise encountered
during lossy compression. We use 8 bits uniform quantisation
and change the step size to get a group of noise signals
with SNR equalling to 1, 4, 7 and 10 (four SSIM values are
obtained at the same time). GWN and IN are the most common
noise used in information theory, while PKN is ubiquitous in
biological systems and electronic devices [49]. For these types
of noise, we change the variance to get groups of noise signals
with different SNR values (SNR equals to 1, 4, 7 and 10).
We define a combination of one type of noise and one type
of material as one trial, therefore there are five test signals
(including a hidden reference signal) in one trial. As there are
four types of materials and four types of noise, a subject needs
to score 80 signals through 16 trials in Test 1.
Fig. 8. Generation of distorted signals in Test 1: There are four noise signals
that have different SNRs for one type of noise. There are four types of noise,
i.e. LUQN = linear uniform quantisation noise, GWN = Gaussian white noise,
IN = impulsive noise and PKN = pink noise. A combination of one type of
material and one type of noise is defined as a trial, therefore a subject needs
to take 16 trials in Test 1.
V. TESTING DESIGNS FOR THE HYBRID METRIC
A. Time-Varying Testing Protocol
As we need to evaluate the time-varying quality for a
prolonged vibrotactile sequence, MUSHRT is no longer fea-
sible. We design a new testing framework to imitate practical
situations. The pristine signal is equally divided into intervals
of one second and different types of noise with different
intensity are then randomly added to each interval to create
the distorted signal. During the test, the subjects need to score
each interval while the entire sequence of pristine or distorted
signal is displayed to the subjects at a time. In order to make
sure the subjects exactly score each interval, a very short
break (50 ms) is inserted between the intervals. Otherwise,
the subjects possibly get confused about the timing to score if
adjacent intervals present similar perception. The subjects are
allowed to perceive the distorted signal as many times as they
want while they are permitted to perceive the pristine signal
only once. In other words, the subjects need to compare the
distorted signal with the pristine signal in their mind, which
is close to realistic scenarios.
Fig. 9. Generation of random pattern: Each element of the noise array is
randomly matched up with a value in SSIM array to create a random pattern,
so each random pattern has four noise signals. We employ three random
patterns for Test 2.
B. Distorted Vibrotactile Dataset for the Hybrid Metric
A four seconds pristine vibrotactile signal is
employed and is evenly divided into four intervals.
For generating random pattern of noise signals, we
make a SSIM array ([0.2,0.4,0.6,0.8]) and a noise array
([’LUQN’,’GWN’,’IN’,’PKN’]). Each element of the noise
array is then randomly matched up with a SSIM value to
create a random pattern (see Fig. 9), hence a random pattern
has four noise signals. Each noise signal is then randomly
added to each interval of the pristine signal one by one to
create the distorted signal. In this test, we use three random
patterns, hence the subjects need to take 12 trials and give 48
scores in total. The whole process is shown in Fig. 10.
Fig. 10. Generation of distorted signals in Test 2: The process is similar to
Test 1 except that the types of noise signals are changed to random patterns.
VI. RESULTS
Thirty subjects (17 female and 13 male) participated in
the tests and all of them were right handed. They were all
volunteers recruited through emails and none of them had
vibrotactile impairments. Their ages ranged from 22 to 30,
with an average of 26 years old. Only five subjects had taken
part in vibrotactile psychophysical experiments before. The
duration of tests ranges from 30 to 50 minutes. According
to MUSHRT, we get the median of all the subjects’ scores,
then calculate the Pearson correlation coefficients between
subjective scores and objective metrics. Using the correlation
coefficient is a common way to evaluate the performance of
an objective metric [12], [38]. The value of the correlation
coefficient ranges from 0 to 1. The larger the value is, the
stronger the relation between the two variables is.
A. SNR and SSIM
The correlation coefficients of four types of materials and
four types of noise are shown in Table III and Table IV,
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respectively. First, it can be seen from Table III that the
correlation coefficients among different materials are very
similar. The difference in correlation coefficients is less than
0.03 for either SNR or SSIM. As to roughness, the correlation
coefficients of coarse materials (Coarse Board and Jeans)
are slightly higher (around 0.01 to 0.02) than that of fine
materials (Glass and Leather) for both SNR and SSIM. This
suggests that both SNR and SSIM perform slightly better
for assessing coarse materials. As to stiffness, SNR is more
effective in evaluating hard materials (Coarse Board and
Glass) than soft materials (Leather and Jeans), while it is on
the contrary for SSIM. In Table IV, as for SNR, the correlation
coefficient of PKN is much higher than that of other types
of noise, while the correlation coefficient of LUQN is lower
(approximately 0.08) for SSIM. It indicates that the SNR is
slightly better at assessing signals affected by PKN compared
with other types of noise, whereas SSIM shows degradation
of evaluating signals affected by LUQN. Overall, the average
correlation coefficients show that both SNR and SSIM are
highly correlated with human vibrotactile perception (0.8391
and 0.9643, respectively), but SSIM has higher correlation
coefficients (about 0.125 on average) than SNR. In other
words, SSIM outperforms SNR in terms of assessing the
quality of vibrotactile data.
For significance test, we choose the common two-tailed
test. The degrees of freedom is computed as Nd = Ns − 2,
where Ns is the number of samples. As there are 5 test
signals in a trial, we get Ns = 5 and Nd = 3. According to
the table of critical values for Pearson correlation coefficient,
the statistical correlation coefficient is 0.8054 and 0.8783 at
significance level of 0.1 and 0.05, respectively. Comparing
with the average correlation coefficients in Table III (0.8391
and 0.9643 for SNR and SSIM, respectively), we can see that
the correlation coefficient of SNR is significant at significance
level of 0.1, while that of SSIM is significant at significance
level of 0.05. In summary, it suggests that SSIM outperforms
SNR for static vibrotactile quality assessment, which coincides
with the observations in the audio and visual domains.
TABLE III
AVERAGE PEARSON CORRELATION COEFFICIENTS OF FOUR TYPES OF
MATERIALS.
SNR SSIM
Coarse
Board 0.8584 0.9656
Glass 0.8320 0.9566
Jeans 0.8459 0.9722
Leather 0.8201 0.9627
Average 0.8391 0.9643
TABLE IV
AVERAGE PEARSON CORRELATION COEFFICIENTS OF FOUR TYPES OF
NOISE.
SNR SSIM
LUQN 0.8337 0.9066
GWN 0.8014 0.9742
IN 0.8223 0.9851
PKN 0.8990 0.9910
Average 0.8391 0.9643
TABLE V
THE OPTIMAL COEFFICIENTS OF CURVE FITTING.
β∗0 β
∗
1 β
∗
2 β
∗
3
SSNR 21.3187 −1.0749 1.0285 −0.0461
SSIM 14.1329 77.0810 −195.5201 246.8429
TABLE VI
THE OPTIMAL WEIGHTS OF SSNR AND SSIM.
Weights
SSNR 1.5552
SSIM 22.6861
B. The Hybrid Metric
The global coefficients (β∗0 , β
∗
1 , β
∗
2 , β
∗
3) and optimal
WGlobal obtained are shown in Table V and Table VI, respec-
tively. Fig. 11 demonstrates that the correlation coefficients
of coarse materials (Coarse Board and Jeans) are higher
than that of fine materials (Glass and Leather) for either
SSNR or MSSIM. It suggests that SSNR and MSSIM perform
slightly better for assessing time-varying distortion of coarse
materials. As to stiffness, MSSIM is more correlated with soft
materials, while SSNR does not show apparent preferences. As
for the hybrid metric, the correlation coefficients of all types
of materials are quite similar and do not show any obvious
tendencies. This is because it takes advantages of both SSNR
and MSSIM. Comparing the hybrid metric with SSNR and
MSSIM, we can see an improvement of about 0.08 in terms of
the average correlation coefficients. In other words, the hybrid
metric achieves better performance than SSNR and MSSIM in
the time-varying framework. Moreover, it is expected that the
performance of the hybrid metric will further improve as more
objective metrics for vibrotactile data are introduced in the
future. As for the significance test, the degree of freedom is 10
in this case as there are 12 samples for each type of material.
Since the average correlation coefficient of the hybrid metric,
i.e. 0.8947, is larger than the critical value at significance level
of 0.01, i.e. 0.7079, shown in the table of critical values. We
can thus say that the correlation coefficient of the hybrid metric
is significant within a 99% confidence interval.
Fig. 11. Pearson correlation coefficients in the time-varying testing frame-
work. The correlation coefficients of the three objective metrics with respect
to different materials are depicted.
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VII. CONCLUSIONS AND FUTURE WORK
Firstly, we empirically demonstrate that the SNR and SSIM
are applicable to vibrotactile quality assessment. As objective
metrics can only be validated through subjective experiments,
we propose a subjective protocol, referred to as MUSHRT,
adapted from Rec. ITU-R BS.1534-3 in the first place. Based
on this protocol, subjective experiments are conducted and the
results demonstrate that SNR and SSIM are highly correlated
with human vibrotactile perception. In addition, SSIM outper-
forms SNR, which leads to a possible direction of future study,
i.e. designing vibrotactile SNR that fits human subjective
scores.
After validating SNR and SSIM, we consider a realistic
scenario with the quality of vibrotactile data varying with
time. In the light of PEAQ, we design a time-varying metric
by combining SNR and SSIM and evaluate its performance
through subjective experiments. The results show that an
increase of 8% in terms of correlation coefficient is achieved.
In summary, the vibrotactile quality assessment is in the
initial stage. It is expected that more objective metrics for
vibrotactile data will be developed in the future. We can hence
utilise more MOVs as inputs of the hybrid metric design,
which is likely to further improve the performance. Another
direction of future work is to develop quality assessment
for more realistic scenarios where traditional multimedia is
combined with vibrotactile data. Furthermore, the quality
evaluation in this article considers vibrotactile data obtained
through sliding. It is worth investigating other types of vibro-
tactile data, such as vibrations obtained through tapping, in
the future.
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